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Historically, story understandingsystemshave dependedon a greatdealof hand-craftedknowl-
edge.Naturallanguageunderstandingsystemsthat useconceptualknowledgestructures[SA77,
Cul78,Wil78, Car79,Leh81,Kol83] typically rely on enormousamountsof manualknowledge
engineering.While muchof thework on conceptualknowledgestructureshasbeenhailedaspi-
oneeringresearchin cognitivemodelingandnarrativeunderstanding,from a practicalperspective
it hasalsobeenviewedwith skepticismbecauseof theunderlyingknowledgeengineeringbottle-
neck.Thethoughtof building a large-scaleconceptualnaturallanguageprocessing(NLP) system
thatcanunderstandopen-endedtext is dauntingevento themostardententhusiasts.Somustwe
grit our collective teethandassumethatstoryunderstandingwill be limited to prototypesystems
in theforeseeablefuture?Or will conceptualnaturallanguageprocessingultimatelydependon a
massive,broad-scalemanualknowledgeengineeringeffort, suchasCYC [LPS86]?

Perhapsthe answerlies in the currenttrendsof informationextraction research.Information
extraction(IE) is a form of naturallanguageprocessingin whichcertaintypesof informationmust
berecognizedandextractedfrom text. AlthoughIE systemsaretypically designedfor asingledo-
main,thereis a greatdealof interestin building systemsthatareeasilyportableto new domains.
Many researchersare developingmethodsto acquirethe necessarydomain-specificknowledge
automatically. The goal is not necessarilyto producea general-purposeinformationextraction
system,but to createtoolsthatwould allow usersto build customizedinformationextractionsys-
temsquickly.

If the IE researchersareultimately successful,we could imaginebeingableto create,quite
literally, anIE system“du jour” thatis tailoredto our interestsonany givenday. Anotherpossible
future scenariois to assemblea large suiteof IE systems,eachbeinga specialistin extracting
informationpertainingto its own areaof expertise.Collectively, thesuiteof systemscouldsupport
conceptualnaturallanguageunderstandingcapabilities,if not for every subjectthenat leastfor a
widevarietyof subjects.

On thesurface,informationextractionmight appearto befundamentallydifferentfrom story
understanding.And therearesomeimportantdifferencesbetweenthesetasks.But we will argue
thatthechallengesanddifficultiesunderlyingthemarelargely thesame.A corollaryof this view
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is thatautomatedknowledgeacquisitiontechniquesdevelopedfor informationextractionarelikely
to beapplicableto storyunderstandingaswell. In this chapter, we will explain how researchin
informationextractionmaybeasignificantsteppingstonetowardprogressin storyunderstanding.
We will discussemerging trendsin theinformationextractioncommunity, draw parallelsbetween
the two typesof naturallanguageunderstanding,anddescriberecentresearchin automatedcase
framegenerationfor informationextraction.

1 Information Extraction

1.1 What is information extraction?

Informationextraction is a subfieldof naturallanguageprocessingthat is concernedwith identi-
fying predefinedtypesof informationfrom text. For example,an informationextractionsystem
designedfor a terrorismdomainmightextractthenamesof perpetrators,victims,physicaltargets,
weapons,dates,andlocationsof terroristevents.Or aninformationextractionsystemdesignedfor
abusinessdomainmightextractthenamesof companies,products,facilities,andfinancialfigures
associatedwith businessactivities.

Natural languageunderstandingis crucial for most informationextractiontasksbecausethe
desiredinformationcanonly beidentifiedby recognizingconceptualroles.Weusetheterm“con-
ceptualrole” to refer to semanticrelationshipsthat aredefinedby the role that an item playsin
context. For example,extractingnounphrasesthat refer to peoplecanbe donewithout regard
to context by searchingfor personnames,titles, andpersonalpronouns,suchas“Mary,” “John,”
“Smith,” “Mr .,” “she,” and“him.” Contextual informationmay benecessaryfor word sensedis-
ambiguation(for example,distinguishingthe person“John Hancock” from the company “John
Hancock”),but thatis aseparateissue.

In contrast,somesemanticrelationshipsaredefinedby therole thatan item playsin a larger
concept.For example,“perpetrator”and“victim” areconceptualrolesrelatedto the conceptof
crime. Onecannotidentify perpetratorsandvictims simply by looking at names. “John Doe”
couldbeaperpetratorin onecontext but avictim in another. In bothcases“JohnDoe” is aperson,
but his roleasperpetratoror victim dependsentirelyon thesurroundingcontext.

Similarly, onecanidentify many companiesby searchingfor known company namessuchas
“IBM,” andcapitalizednounphrasesendingwith “Inc.,” “Co.,” or “Corp.” But it is impossibleto
identifycompaniesinvolvedin amergersimplyby searchingfor company names.Thesurrounding
context determinesthe conceptualrole of the company. For example,“XYZ Corp.” might be
involvedin amerger, a joint venture,anacquisition,or acharityeventdependingon its role in the
largercontext. Understandingconceptualrolesis essentialfor thesetypesof problems.

�

Most informationextractionsystemsusesomeform of extractionpatternto identify potentially
relevantinformation.For example,thepattern� subject� wasbombedmightbeusedto identify
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bombingtargets. Whenever a passive form of the verb “bombed” is encountered,this pattern
extractsthesubjectof theverbasabombingtarget.Someextractionpatternsaremorecomplicated
thanothers,but mostextractionpatternscanbeviewedassimplecaseframes.Eachcaseframeis
activatedby specificlinguisticexpressionsandthenextractssurroundingphrasesasslot fillers.

To illustrate,Figure1 shows a murdercaseframewith multiple slots. This caseframeis ac-
tivatedby the word “murdered”whenever it appearsasa passive verb. Thecaseframecontains
threeslotsto extracta victim, perpetrator, andweapon(instrument).Eachitem is extractedfrom
a differentsyntacticconstituentin theclause.For example,thesubjectof theverbis extractedas
themurdervictim andtheobjectof thepreposition“by” is extractedastheperpetrator. Selectional
restrictionsareoftenusedto checkthatanextracteditemsatisfiescertainsemanticconstraints.For
example,the%MURDERED% caseframerequiresvictimsandperpetratorsto behuman.Through-
out the restof this article, we will refer to extractionpatternsandcaseframesinterchangeably,
with theunderstandingthatcaseframesfor othertasksmaybesignificantlymorecomplex.

Name: %MURDERED%
Event Type: MURDER

Trigger Word: murdered
Activating Conditions: passive-verb
Slots: VICTIM � subject� (human)

PERPETRATOR � prep-phrase,by � (human)
INSTRUMENT � prep-phrase,with � (weapon)

Figure1: A caseframefor informationextraction

Thecomponentsof an informationextractionsystemvary dependingon the approachthat is
used,but mostIE systemsperformpart-of-speechtagging,partialparsing,semanticinterpretation,
caseframeinstantiation,andsomesortof discourseanalysis.Much of the work on information
extractionhasbeenfosteredthroughaseriesof messageunderstandingconferences(MUCs)spon-
soredby theU.S.government(e.g.,see[MUC93, MUC92,MUC91]).

1.2 The messageunderstandingconferences

Sincethe late1980’s, theU.S.governmenthasbeensponsoringMessageUnderstandingConfer-
ences(MUCs)to evaluateandadvancethestate-of-the-artin informationextraction.In thelastfew
years,thesemessageunderstandingconferenceshavegrown in participation,scope,andvisibility.
TheMUCs arecompetitiveperformanceevaluationsinvolving a setof participantsfrom different
sites,usuallya mix of academicandindustrialresearchlabs. Eachparticipatingsitebuilds anIE
systemfor a predetermineddomain. The IE systemsareall evaluatedon the samedomainand
text collection,andtheresultsarescoredusinganofficial scoringprogramdevelopedby theMUC
organizers.

Themessageunderstandingconferencesareespeciallynoteworthy becausethey representthe
first large-scaleeffort to evaluatenaturallanguageprocessingsystems.The questionof how to
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evaluateanNLP systemis anon-trivial issue,sothedevelopmentof standardscoringcriteriawasa
worthwhilecontribution in its own right. Evaluationis acomplicatedandsometimescontroversial
issue,but theMUC scoringprogramandcriteriarepresentsan importantfirst stepin confronting
thisproblem.

TheMUC meetingsarealsoimportantasa forum for comparingtheperformanceof different
NLP techniquesonauniformtaskandtext collection.Until theseconferences,mostNLP systems
were developedin isolation and designedfor their developer’s favorite domain. The message
understandingconferenceshaveservedasaplatformfor comparingandcontrastingdifferentNLP
approacheson equalfooting. Furthermore,the MUC tasksinvolve real, unconstrainedtext —
primarily news wire articles. The messageunderstandingconferenceshave playedan important
role in pushingtheNLP communitytowardrealistictext applications.

Oneof themostinterestingaspectsof theseconferenceshasbeentheevolution of IE systems
over the years. Initially, therewasa greatdealof variationacrosssystems,representinga broad
rangeof naturallanguageprocessingtechniques.But over time, theIE systemsconvergedsothat
mostIE systemstodaysharerelatively similar architecturesandapproaches.Many lessonshave
beenlearnedaboutthe strengthsandweaknessesof varioustechniques.In the next section,we
survey someof themostnotabletrendsin theinformationextractioncommunityandexplain their
relationshipto issuesin storyunderstanding.

2 Trendsin Information Extraction

As historianswell know, watchingthe evolution of a field often providesvaluableinsightsinto
the natureof its problemsandpossiblesolutions. So it is useful to take a stepbackevery once
in a while andreflecton generaldirectionsthat have emergedover time. We will discussthree
suchtrendsin informationextraction:a convergencetowardpartialparsing,a healthyrespectfor
discourseanalysis,andanemphasison automatedknowledgeacquisition.It would bepresump-
tuousto claim that thesearetheonly trendsthathave takenplacein thefield, but thesethreeare
particularlyinterestingfrom theperspective of conceptualnaturallanguageprocessingandstory
understanding.

2.1 Partial parsing

Oneof themostobvioustrendsin theIE communityhasbeena convergencetowardpartialpars-
ing techniques.In 1991,thesystemspresentedat theThird MessageUnderstandingConference
(MUC-3) reflecteda wide variety of parsingtechniques.Somesystemswere groundedin lin-
guistic theoryandattemptedto generatea completeparsetreefor eachsentencein a text (e.g.,
[DLW

�
91, GSM91, MSBS91]).At theotherendof thespectrum,theTTSsystem[DGCN91]did

virtually no syntacticanalysisat all. Thediversityof syntacticapproacheswasquiteremarkable,
runningthegamutfrom full syntacticparsingto practicallynosyntacticparsingandeverythingin
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between.

As thefield matured,thesyntacticcomponentsbeganto look increasinglyalike. Today, almost
all IE systemsusepartialparsingtechniques.Eventhemostlinguistically-orientedIE researchers
have reluctantlyacceptedthat, for the informationextractiontaskat least,the potentialbenefits
of full parsingareusuallyoverwhelmedby theextra overheadandlack of robustness.Realnews
articlesposemajorchallengesfor syntacticparsingbecauseof ungrammaticaltext, complex and
lengthygrammaticalconstructs,andmassiveambiguity.

For informationextraction,the informationbeingsoughtcanoftenbe identifiedby searching
a singleclauseor phrase.Theremainingclausesandphrasesmaybeignoredbecausethey do not
containrelevantinformation.For example,considerthesentencebelow, whichis thefirst sentence
of aMUC-3 text.

IN AN ACTION THAT IS UNPRECEDENTED IN COLOMBIA’ S HISTORY OF VIOLENCE,
UNIDENTIFIED PERSONS KIDNAPPED 31 PEOPLE IN THE STRIFE-TORN BANANA-
GROWING REGION OF URABA , THE ANTIOQUIA GOVERNOR’ S OFFICE REPORTED

TODAY.

The relevant informationin this sentenceis thatunidentifiedpersonskidnapped31 peoplein
the region of Uraba. Therestof thesentencecanbeeffectively ignored. Simply looking for the
pattern� X � kidnapped � Y � in � Z � will identify theperpetrators,victims,andlocation.

For informationextraction,generatingcompleteparsetreeshashadminimal reward thusfar.
Researcherscommittedto full syntacticparsingmight offer the explanationthat informationex-
tractiondoesnot requirefull naturallanguageprocessingcapabilitiesbecauseonly specifictypes
of informationneedto be recognized.Thereis somevalidity to this argumentsince,by defini-
tion, informationthat is not relevant to thedomaincanbesafelyignored.However, determining
which informationis relevantis notalwayseasyandsimplepatternrecognitionis notenough.For
example,considerthefollowing sentences:

1. Themayorwaskilled by FMLN guerrillas.

2. Themayorwaskilled by a burglar.

3. Themayorwaskilled by armedmen.

4. Themayorwaskilled by armedmenbelongingto theFMLN.

5. Themayorwaskilled by armedmenduringahold-upin aconveniencestore.

6. Themayorwaskilled by armedmenin retaliationfor thearrestof aprominentFMLN leader.

7. Themayorwaskilled andtheFMLN claimedresponsibilityfor themurder.
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In the first 6 sentences,the perpetratorcanbe extractedusing the simple patternkilled by
� X � . In sentence#1, the word “FMLN” identifiesthe perpetratorsasterroristsso this murder
wasclearlyterroristin nature.In sentence#2, theword “burglar” suggestsa criminal robberythat
wasprobablynot terroristin nature.But theperpetratorsin sentences#3,4,5,and6 aredescribed
only as“armedmen.” Determiningwhetherthey areterroristsor not requiresinformationfrom
elsewherein thesentence.And in sentence#7,thereis nospecificreferenceto aperpetratoratall,
but thesecondclausestatesthataterroristorganizationhasclaimedresponsibilityfor themurderso
we caninfer thattheFMLN is theperpetrator. Thesesentencesillustratethatidentifying relevant
informationcanbequitecomplicated.In many cases,local patternsarenot enoughandtheentire
sentencemustbe understood.And sometimesinferencesmustbe generatedacrosssentencesor
evenparagraphs.Inferencecanbeessentialin determiningtherelevanceof aneventor a pieceof
information.

Giventhesedifficulties,onemight think thatmoresyntacticanalysisis needed.But syntactic
analysishasbeenrelegatedto arelatively minorrole in mostinformationextractionsystems.Con-
ceptactivationandinstantiationarethecentralactivities. Syntaxis usedto mapsyntacticrolesto
conceptualrolesin caseframes,but this is usuallyaccomplishedwith a fairly shallow syntactic
analysis.Thedomain-specificexpressionsthatactivatea caseframeandtheconceptualrolesde-
finedby a caseframearethekey elementsthat identify potentiallyrelevantportionsof text. The
caseframesarearguablythemostcrucialcomponentof anIE system;without thecaseframes,no
informationwouldbeextractedatall.

For mostIE tasks,discourseprocessingis alsocrucially importantto thesuccessof thesystem.
As we will describein thenext section,discourseprocessingcanbeespeciallychallengingwhen
thediscourseanalyzerhasonly partial informationto work with. Full parsetreesanddeepersyn-
tacticanalysiswouldsurelyprovidemorecluesto aiddiscourseanalysis.But conceptualanalysis,
domainknowledge,andmemoryorganizationarestill at theheartof thediscourseproblem.

2.2 Discourseanalysis

Perhapsoneof themostsoberingresultsof themessageunderstandingconferenceshasbeenthe
realizationthat discourseanalysisof written text is a wide openproblem. While therehasbeen
substantialwork on analyzingspoken discourse,therehasbeenmuchlesswork on written dis-
course.Furthermore,mostdiscoursetheoriesdependon largeamountsof world knowledge,and
have not beentestedempiricallyon large text collections.Realtexts aretypically moreirregular
andarbitrarythanmostdiscoursetheoriesexpect.

In general,discourseprocessingof writtentext involvestrackingeventsandobjectsandunder-
standingtherelationshipsbetweenthem.Anaphoraresolutionis onesuchproblem,whichincludes
resolvingpronouns,propernouns,anddefinitenounphrases.Topic recognitionandsegmentation
is anotherkey problem.For example,considertheMUC-4 text shown in Figure2.

This text describesa seriesof terroristattacksin protestof the murderof the group’s leader,
BernardoJaramilloOssa.Thefirst paragraphmentionsboth the terroristattacksandJaramillo’s
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(1) MEMBERS OF THE 8TH FRONT OF THE SELF-STYLED REVOLUTIONARY ARMED FORCES OF

COLOMBIA [FARC] HAVE CARRIED OUT TERRORIST ATTACKS IN SOUTHERN CAUCA DEPART-
MENT TO PROTEST PATRIOTIC UNION [UP] PRESIDENTIAL CANDIDATE BERNARDO JARAMILLO

OSSA’ S MURDER.

(2) THE FARC MEMBERS BLEW UP A POWER SUBSTATION AND A POWER PYLON IN SAJANDI , LA

FONDA CORREGIMIENTO. THE GUERRILLAS ALSO BURNED THREE VEHICLES ON THE PAN-
AMERICAN HIGHWAY– A BALBOA HOSPITAL AMBULANCE, A FUEL TRUCK CARRYING 3,000
GALLONS OF GASOLINE, AND A STATION WAGON. A LARGE SECTION OF EL PATIA VALLEY

WAS LEFT WITHOUT ELECTRICITY.

(3) THROUGH SEVERAL TELEPHONE CALLS TO THE POPAYAN MEDIA , THE 8TH FARC FRONT DE-
CLARED THE PAN-AMERICAN HIGHWAY A MILITARY TARGET DURING THE NEXT 48 HOURS

IN ORDER TO DEMAND THAT THE GOVERNMENT INVESTIGATE AND ARREST THOSE WHO ARE

TRULY RESPONSIBLE FOR JARAMILLO’ S MURDER.

(4) TRANSPORTATION SERVICES BETWEEN [WORD INDISTINCT] AND PASTO IN SOUTHERN COLOM-
BIA HAVE BEEN SUSPENDED AS A RESULT OF THE TERRORIST ATTACKS, WHICH BEGAN AT 0300
TODAY.

(5) POLICE AND 3D INFANTRY BRIGADE MEMBERS WERE DEPLOYED TO THE AREAS WHERE THE

8TH FRONT OF THE SELF-STYLED REVOLUTIONARY ARMED FORCES OF COLOMBIA BLOCKED

TRAFFIC. THE 8TH FARC FRONT MEMBERS SAID THEIR MILITARY ACTIONS ARE AIMED AT

DEMANDING THE CLARIFICATION OF UP PRESIDENTIAL CANDIDATE BERNARDO JARAMILLO’ S

MURDER.

(6) THE POPAYAN POLICE DEPARTMENT CONFIRMED THAT THE ATTACKS TOOK PLACE ON THE PAN-
AMERICAN HIGHWAY AND AT LA FONDA CORREGIMIENTO, PATIA MUNICIPALITY.

(7) GOVERNOR FERNANDO IRACONI SAID THAT THE REGIONAL SECURITY COUNCIL WILL MEET

IN POPAYAN IN A FEW MINUTES TO ASSESS THE MOST RECENT TERRORIST ATTACKS AND TO

ADOPT THE NECESSARY MEASURES.

Figure2: A SampleMUC-4 text
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murder, so it is importantto recognizethat his murderis a separateincident. The secondpara-
graphdescribesthe terroristattacks,which includebombingsandburningsin several locations.
Whetherthesebombingsandburningsaredistinct incidentsor a single,collective incidentis an
interestingquestionaswell. Thethird andfifth paragraphsagainmentionboththeterroristattacks
andJaramillo’s murder. This text illustrateshow even relatively short,cohesive texts canrefer-
encemultipleeventsthatmaybeeasilyconfused.Keepingtrackof theseparateincidentsrequires
eventtrackingto assigneachpieceof informationto theappropriateincident,andconsolidationto
combinedifferentpiecesof informationandmergemultiple referencesto thesameinformation.

At first glance,it mightappearthatdiscourseanalysisis simplerfor informationextractionthan
for generalstoryunderstandingbecauseonly certaintypesof objectsandeventsneedto betracked.
But in somewaystheproblemis morechallengingbecausethediscourseanalyzerhasto doits job
without completeknowledge.Most IE systemsextract informationin a piecemealfashionsothat
only relevant text segmentsare recognizedandsaved. Consequently, the output representation
maynot includeinformationthat is crucial to distinguishevents. For example,considerthefirst
paragraphof thetext in Figure2. An IE systemmightextractthefollowing piecesof information:

(a) MEMBERS OF THE 8TH FRONT OF THE SELF-STYLED REVOLUTIONARY ARMED FORCES OF COLOM-
BIA [FARC] HAVE CARRIED OUT TERRORIST ATTACKS

(b) TERRORIST ATTACKS IN SOUTHERN CAUCA DEPARTMENT

(c) PATRIOTIC UNION [UP] PRESIDENTIAL CANDIDATE BERNARDO JARAMILLO OSSA’ S MURDER

Givenonly thesesentencefragments,onecouldeasilyinfer thatJaramillo’smurderwasoneof the
terroristattacks.Thekey phrase“to protest”would probablynot beextractedbecauseprotesting
is not usuallyassociatedwith terrorism.It is unlikely thata terrorismdictionarywould containa
caseframeto recognizethis expression.But thephrase“to protest”is essentialto understandthat
themurderhappenedprior to theattacksreportedin thearticle.

Theseexamplesemphasizethefine line betweeninformationextractionandgeneralstoryun-
derstanding.It is easyto arguethat IE systemswill alwayssuffer from a ceiling effect if they
operatewith tunnelvision anddonot processportionsof thetext thatdo not appearto bedirectly
relevantto thedomain.On theotherhand,it would beself-defeatingto adopttheattitudethatwe
shouldnot attemptto build IE systemsuntil thenaturallanguageunderstandingproblemhasbeen
completelysolved.Thereis awidespectrumof languageprocessingtechniques,with shallow text
understandingat oneendanddeeptext understandingat theother. Choosingwhereonewantsto
sit on thisspectrumis acentralissuewhendesigninga text analyzer.

Part of thedifficulty with discourseprocessingstemsfrom thefact that it dependsheavily on
world knowledge.Soit is not surprisingthatoneof theemerging trendsin informationextraction
involvesdevelopingtechniquesto automatethe acquisitionof discourseknowledge. In the next
section,we overview the generaltrendtowardautomatedknowledgeacquisitionfor information
extractionsystems.
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2.3 Automatedknowledgeacquisition

The first generationof informationextractionsystemsrelied on a tremendousamountof hand-
codedknowledge. Considerthe UMass/MUC-3system[LCF

�
91a],which wasdesignedfor the

MUC-3 terrorismdomain. The UMass/MUC-3systemusedthreeprimary knowledgebases:a
hand-codedlexicon, hand-codedcaseframes,andhand-codeddiscourserules. The lexicon con-
tainedover5000wordswhichweretaggedwith parts-of-speech,semanticfeatures,andafew other
typesof linguistic information.Thelexiconwasengineeredspecificallyfor theterrorismdomain,
soonly tagsassociatedwith terrorismwereused.For example,theword “party” wastaggedasa
nounbut notasaverb,andits only semantictagcorrespondedto thepolitical partywordsenseand
not thecelebrationsense.

The dictionary of extraction patternscontained389 caseframesdesignedto extract perpe-
trators,victims, targets,andweapons.Initially, the caseframesrepresentedsimplepatternsand
phrases,butovertimesomeof thembecausequitecomplex. Forexample,the%KIDNAP-CAPTURE%
caseframeoriginally representedtheexpression� X � captured � Y � , whereX is extractedasthe
perpetratorof a kidnappingandY is extractedasthevictim. However, this caseframefrequently
misfiredfor eventssuchaspolicearrestsandprisonerescapes.After repeatedmodifications,the
activatingconditionsfor this caseframeevolvedinto a complex function that requiredX to bea
terroristor anorganization,but notacivilian or a law enforcementagent,andrequiredY not to be
a terrorist,a prisoner, or anorganization.

�

Anothermajorcomponentof theUMass/MUC-3systemwasarulebasefor discourseanalysis.
TheUMass/MUC-3systemwasorganizedasapipelinedsystemconsistingof two mainmodules:
sentenceanalysisanddiscourseanalysis. The sentenceanalyzer, CIRCUS[Leh91], performed
a shallow syntacticanalysisof eachsentenceandproducedinstantiatedcaseframes. Eachsen-
tencewasprocessedindependentlyof the others. The discourseanalyzerwas thenresponsible
for putting thepiecesbacktogether. SinceCIRCUSextractsinformationin a piecemealfashion,
discourseprocessinginvolvesnot only figuring out how onesentencerelatesto another, but also
how caseframesactivatedin thesamesentencerelateto oneanother. Thediscourseanalyzerhad
many jobs, including coreferenceresolution(pronounsandnounphrases),caseframemerging,
eventsegmentation,andrelevancefiltering. Domain-specificrulesfor all of theseproblemswere
manuallyencodedin thesystem.

The UMass/MUC-3systemwas an exercisein manualknowledgeengineering. While the
systemperformedwell in MUC-3 [LCF

�
91b], it took a tremendousamountof time, energy, and

expertiseto make it work aswell asit did. And theUMasssystemwasno exception— virtually
all of thesystemsthatperformedwell in MUC-3 requiredmany person-monthsof manuallabor.

So it is not surprisingthat there is stronginterestin developing techniquesto acquirethe
necessarydomain-specificknowledgeautomatically. Several systemshave beendevelopedto
generatedomain-specificextractionpatternsautomaticallyor semi-automatically[Huf95, KM93,
Ril96a,SFAL95]. Therehavealsobeeneffortsto automatevariousaspectsof discourseprocessing
[AB95, ML95, SL94]. And someresearchershave usedtheinformationextractionframework to
focusongeneralissuesassociatedwith lexical acquisition[Car93,HL94].
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In thenext section,wepresentoureffortsto automaticallygeneratecaseframesfor information
extraction. We describea systemcalledAutoSlogthat wasoneof the first dictionaryconstruc-
tion systemsdevelopedfor informationextraction. AutoSloggeneratesextractionpatternsusing
a speciallyannotatedtraining corpusas input. We thenexplain how AutoSlogevolved into its
successor, AutoSlog-TS,whichgeneratesextractionpatternswithoutanannotatedtrainingcorpus.
AutoSlog-TSneedsonly a preclassifiedtext corpusconsistingof relevant andirrelevant sample
texts. AutoSlog-TSrepresentsamajorsteptowardbuilding conceptualdictionariesfrom raw text.
We haveusedthecaseframesgeneratedby AutoSlog-TSfor bothinformationextractionandtext
classificationtasksto demonstratethat toolsandtechniquesdevelopedfor informationextraction
canbeusefulfor othernaturallanguageprocessingtasksaswell.

3 Automatically Generating CaseFramesfor Inf ormation Ex-
traction

Oneof the mostsubstantialbottlenecksin building an informationextractionsystemis creating
thedictionaryof domain-specificextractionpatterns.Almostall of theIE systemspresentedat the
messageunderstandingconferenceshave reliedon hand-craftedcaseframes.Recently, however,
therehavebeenseveralefforts to automatetheacquisitionof extractionpatterns.

Two of theearliestsystemstogenerateextractionpatternsautomaticallywereAutoSlog[Ril93]
andPALKA [KM93]. More recently, CRYSTAL [SFAL95] andLIEP [Huf96] have beendevel-
oped. All of thesesystemsusesomeform of manuallytaggedtraining dataor userinput. For
example,AutoSlogrequirestext with speciallytaggednounphrases.CRYSTAL requirestext with
speciallytaggednounphrasesaswell asa semantichierarchyandassociatedlexicon. PALKA
requiresmanuallydefinedframes(includingkeywords),plusa semantichierarchyandassociated
lexicon, anduserinput is sometimesneededto resolve competinghypotheses.LIEP usesprede-
finedkeywordsandobjectrecognizers,anddependson userinteractionto assignaneventtypeto
eachrelevantsentence.

Defining extraction patternsby hand is time-consuming,tedious,and prone to errorsand
omissions,soall of thesesystemsrepresentimportantcontributionsto automateddictionarycon-
struction. The knowledge-engineeringbottleneckhasnot beeneliminatedyet, but it hasbeen
greatlyreducedandsimplified. For example,it took approximately1500person-hoursto build
theUMass/MUC-3dictionaryby hand,but it took only 5 person-hoursto build a comparabledic-
tionaryusingAutoSlog(givenanappropriatetrainingcorpus)[Ril96a]. Furthermore,only mini-
mal expertiseis neededto generatea dictionary. Definingcaseframesby handrequiresworking
knowledgeof thedomain,naturallanguageprocessing,andtheunderlyingsentenceanalyzer, but
generatinga trainingcorpusrequiresonly knowledgeof thedomain. In essence,theknowledge-
engineeringeffort hasshiftedfrom thehandsof NLP specialiststo thehandsof domainexperts,
which is morerealisticfor mostapplications.

First, we describethe AutoSlogdictionaryconstructionsystemthat createsdomain-specific
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extractionpatternsusinganannotatedtrainingcorpus.Next, we describeits successor, AutoSlog-
TS, which createsextractionpatternsusingonly raw text. AutoSlog-TSreducestheknowledge-
engineeringbottleneckevenfurtherby eliminatingtheneedfor specializedtrainingdata.Finally,
we describeexperimentalresultswith AutoSlog-TSfor bothinformationextractionandtext clas-
sification.

3.1 AutoSlog: generatingcaseframes fr om annotatedtext

In retrospect,we realizedthat the manualdictionaryconstructioneffort for the UMass/MUC-3
systemwasremarkablystraightforward.Theprocessgenerallyinvolvedtwo basicsteps:

1. Observeagapin thedictionaryby identifyinganounphrasethatshouldhavebeenextracted
but wasnot.

2. Find a key word in the sentencethat identifiesthe conceptualrole of the nounphraseand
defineacaseframethatis activatedby thatword in thesamelinguisticcontext.

For example,considerthefollowing sentence:

THE GOVERNOR WAS KIDNAPPED BY TERRORIST COMMANDOS.

Thegovernorshouldbeextractedasa kidnappingvictim, andtheterroristcommandosshouldbe
extractedastheperpetrators.If eitherof thesenounphrasesis not extractedby a caseframe,then
theremustbeagapin thedictionary.

Supposethat the governoris not extracted.Thenthekey questionis whatexpressionshould
have extractedit? The word “kidnapped”clearly suggestsa relevant incident(a kidnapping)so
“kidnapped”shouldtriggera kidnappingcaseframe. To recognizethat the governorplayedthe
conceptualroleof thevictim, thekidnappingcaseframemusthaveavictim slot thatis filled by the
subjectof thepassiveverb“kidnapped.” In essence,thecaseframemustrepresenttheexpression:
� X � waskidnapped.

Similarly, supposethat the terrorist commandoswerenot extracted. Again, the word “kid-
napped”is the key word that suggestsa relevant incidentandshouldtrigger a kidnappingcase
frame.Theterroristcommandosshouldbeassignedto theconceptualrole of theperpetratorand,
since“terrorist commandos”is theobjectof thepreposition“by”, thecaseframeshouldrepresent
theexpressionwaskidnapped by � Y � .

AutoSlogwasdesignedto mimic this process.As input, AutoSlogneedsa setof texts and
nounphrasesthatshouldbeextractedfrom thosetexts.

�
Thenounphrasesmustbe labeledwith

their conceptualrole andeventtype.For example,in thepreviousexample“the governor”should
belabeledasa victim in a kidnappingeventandthe“terrorist commandos”shouldbelabeledasa
perpetrator in akidnappingevent.Figure3 showswhatanannotatedtext would look like.
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IN DOWNTOWN SAN SALVADOR.

attack
location

 


IT WAS OFFICIALLY REPORTED THAT A POLICEMAN WAS WOUNDED TODAY WHEN

injury
victim

URBAN GUERRILLAS ATTACKED THE GUARDS AT A POWER SUBSTATION LOCATED


attack
victim

attack
perpetrator

Figure3: An annotatedsentencefor AutoSlog

Giventhis trainingdata,AutoSloggeneratesa caseframeto extracteachtaggednounphrase.
In theory, it would make sensefor caseframesto extractmorethanoneobject,but for simplicity
AutoSlogis restrictedto single-slotcaseframesthatextractonly a singleobject. AutoSloguses
a small setof heuristicrulesto decidewhatexpressionshouldactivatethe caseframe,andfrom
which syntacticconstituentthe slot shouldbe filled. Figure4 shows the heuristicrulesusedby
AutoSlog,with examplesfrom theterrorismdomain.

Linguistic Pattern Example� subject� active-verb � perpetrator� bombed� subject� passive-verb � victim � wasmurdered� subject� verb infiniti ve � perpetrator� attemptedto kill� subject� auxiliary noun � victim � wasvictim

active-verb � dir ect-object� bombed� target�
infiniti ve � dir ect-object� to kill � victim �
verb infiniti ve � dir ect-object� threatenedto attack � target�
gerund � dir ect-object� killing � victim �
noun auxiliary � dir ect-object� fatalitywas � victim �
noun preposition � noun-phrase� bombagainst� target�
active-verb preposition � noun-phrase� killed with � instrument�
passive-verb preposition � noun-phrase� wasaimedat � target�
Figure4: AutoSlogheuristicsandexamplesfrom theterrorismdomain

Given a sentenceand a taggednounphrase,AutoSlogfirst calls a sentenceanalyzer, CIR-
CUS[Leh91], to analyzethesentencesyntactically. AutoSlogneedsonly a flat syntacticanalysis
that recognizesclauseboundariesandidentifiesthesubject,verb,directobject,andprepositional
phrasesof eachclause.Soalmostany parsercouldbeused.AutoSlogfindstheclausethatcon-
tainsthetargetednounphraseanddetermineswhetherit wasthesubject,thedirectobject,or in a
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prepositionalphrase.Theheuristicrulesaredividedinto threesets,dependinguponthesyntactic
typeof thetargetednounphrase.Theappropriaterulesareinvoked,andtherule thatmostclosely
matchesthecurrentcontext is allowedto fire (i.e., therulewith thelongestpattern).For example,
considerthefollowing sentence:

TheU.S.embassyin Bogotawasbombedyesterdayby FMLN guerrillas.

SupposethatU.S.embassywastaggedasa bombingtargetandFMLN guerrillas wastagged
asa perpetrator. GivenU.S.embassyasthe targetednounphrase,AutoSlogfirst calls CIRCUS
anddeterminesthat U.S.embassyis the subjectof the sentence.The subjectrulesare invoked
andthepattern � subject� passive-verb fires. This patternis matchedagainsttheinput sentence
anda caseframeis constructedto representthe expression� target� was bombed. This case
frameis activatedby passive formsof theverb “bombed”andextractsthe subjectasa bombing
target. Similarly, givenFMLN guerrillas asthe targetednounphrase,AutoSlogdeterminesthat
it wasin a prepositionalphraseandtheprepositionalphraserulesareinvoked. AutoSlogusesits
own simplepp-attachmentalgorithmto decidewherea prepositionalphraseshouldbe attached.
In this case,FMLN guerrillas shouldattachto theverb“bombed”andAutoSloggeneratesa case
frameto representtheexpressionwasbombedby � perpetrator � . This caseframeis activated
by passiveformsof theverb“bombed”andextractstheobjectof thepreposition“by” asabombing
perpetrator.

It is importantto note that the input consistsof a sentenceandtaggednounphrases,while
the output consistsof caseframesthat representlinguistic expressions.For example,the case
framegeneratedby U.S.embassywill be activatedby a variety of expressionssuchas“X was
bombed”,“X andY werebombed”,“X hasbeenbombed”,and“X andY have beenbombed.”
Thesewords do not have to be adjacentbecausethe natural languageprocessingsystemuses
syntacticinformation to activate the caseframes. For example,the caseframe � target� was
bombed will be activatedby the sentencebelow in which the verb (“bombed”) andthe subject
(“Telecom”)havemany wordsbetweenthem.

TELECOM , COLOMBIA’ S SECOND LARGEST TELECOMMUNICATION UTILITY, WAS

MERCILESSLY BOMBED YESTERDAY AFTERNOON.

However, many of the caseframesgeneratedby AutoSlogwill not reliably extract relevant
information. AutoSlogcancreatebizarreor overly generalpatternsfor a varietyof reasons,in-
cludingfaultysentenceanalysis,incorrectprepositionalphraseattachment,or insufficientcontext.
Soa personmustmanuallyreview thecaseframesanddecidewhich onesarereliableenoughfor
thedomain.A simpleuserinterfaceallowsauserto scaneachpatternandclick anacceptor reject
button.Themanualreview processis very fast;it took a useronly five personhoursto filter 1237
caseframesgeneratedby AutoSlogfor the MUC-4 terrorismdomain[Ril96a]. Thecaseframes
acceptedby theuserbecomethefinal dictionaryfor thedomain.

AutoSloghasbeenusedto generatecaseframesfor threedomains:terrorism,joint ventures,
andmicroelectronics[Ril96a]. In theMUC-4 terrorismdomain,adictionaryof caseframescreated
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by AutoSlogachieved98%of theperformanceof thehand-crafteddictionarythatachievedgood
resultsin theMUC-4 evaluation[Ril93].

AutoSlogwasamajorcontribution towardreducingtheknowledge-engineeringbottleneckfor
informationextractionsystems.Previously, caseframeshadto bemanuallydefinedby peoplewho
hadexperiencewith naturallanguageprocessing,the domain,andthe sentenceanalyzer. Using
AutoSlog,a dictionaryof domain-specificcaseframescouldbeconstructedautomatically, given
anannotatedtrainingcorpusanda few hoursof time for manualreview.

But thereis still asubstantialbottlenecklurking underneathAutoSlog:theneedfor aspecially
annotatedtraining corpus. Generatingthe training corpusis both time-consuminganddifficult.
Theannotationprocesscanbedeceptively tricky. Theuserneedsto tagrelevantnounphrases,but
what is a nounphrase?EvensimpleNPsmay includenounmodifiers,asin “the heavily armed
FMLN guerrillas.” Shouldtheuserincludeall of themodifiers,only therelevantmodifiers,or just
theheadnoun?Nounphrasescanalsobequitecomplex, includingconjunctions,appositives,and
prepositionalphrases.Shouldtheusertagall conjunctsandappositivesor just someof them?If
not all of them,thenwhich ones?Prepositionalphrasescansubstantiallychangethemeaningof
theconceptthat they modify. For example,“the presidentof SanSalvador” is differentfrom “the
presidentof Colombia.” How do you dictatewhich prepositionalphrasesareessentialandwhich
onesarenot? Theannotationprocesscanbeconfusingandarbitrary, resultingin inconsistencies
in thetaggedtrainingcorpus.While theannotationprocessis lessdemandingthangeneratingcase
framesby hand,it is still amajorundertaking.

In the next section,we describethe successorto AutoSlog,calledAutoSlog-TS,which cre-
atescaseframesfor information extraction without the needfor an annotatedtraining corpus.
AutoSlog-TSneedsonly a preclassifiedtrainingcorpusconsistingof relevantandirrelevantsam-
ple texts for thedomain.

3.2 AutoSlog-TS:generatingcaseframes fr om untaggedtext

TheAutoSlog-TSdictionaryconstructionsystemis designedto createdictionariesof caseframes
usingonly a preclassifiedtext corpus.As input,AutoSlog-TSneedstwo pilesof texts: onepile of
texts thatarerelevantto thetargetdomain,andonepile of texts thatareirrelevantto thedomain.
Nothinginsidethetextsneedsto betaggedin any way. Themotivationbehindthisapproachis that
it is relatively easyfor apersonto generatesuchatrainingcorpus.Theusersimplyneedsto beable
to identify relevantandirrelevantsampletexts. Anyonefamiliar with thedomainshouldbeable
to generatea trainingcorpuswith minimaleffort. Thegoalof AutoSlog-TSis to exploit this very
coarselevelof domainknowledgeto generatecaseframesthatrepresentimportantdomain-specific
expressions.

AutoSlog-TSis essentiallyanexhaustive versionof AutoSlogcombinedwith statisticalfeed-
back.Thedictionaryconstructionprocessconsistsof two stages:patterngenerationandstatistical
filtering. Figure5

�
illustratesthisprocess.
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ConceptNode
Dictionary:

Sentence
Analyzer

ConceptNode REL%
<x> wasbombed 87%
bombedby <y> 84%
<w> waskilled 63%
<z> saw 49%

AutoSlog
Heuristics

Stage 1

Stage 2

<w> waskilled
<x> wasbombed
bombedby <y>
<z> saw

ConceptNodes:

<x> wasbombed
bombedby <y>

preclassifiedtexts

Sentence
Analyzer

S: World TradeCenter
V: wasbombed
PP: by terrorists

preclassifiedtexts

Figure5: AutoSlog-TSflowchart

In Stage1, AutoSlog-TSpretendsthatevery nounphraseis a candidatefor extraction.A sen-
tenceanalyzer, CIRCUS,is usedto identify all of thesimpleNPsin a text. For eachnounphrase,
the heuristicrulesshown in Figure4 areappliedto generateextractionpatterns.Onedifference
betweenAutoSlogandAutoSlog-TSis that AutoSlog-TSallows all applicablerulesto fire. For
example,given the sentence“terroristsattacked the U.S. embassy”andthe nounphrase“terror-
ists”, boththe � subject� active-verb and � subject� verb dir ect-objectruleswouldapply. Two
extractionpatternswould begenerated:� perpetrator � attacked and � perpetrator � attacked
embassy.

Allowing multiple rules to fire gives AutoSlog-TSadditionalflexibility . AutoSlog-TScan
createseveralpatternsof varyinglengthto extractthesameinformation.Ultimately, thestatistics
will revealwhethertheshorter, moregeneralpatternhassufficientreliability or whetherthelonger,
more specificpatternis needed. We could have allowed the original AutoSlog systemto fire
multiple rules as well, but it would have multiplied the numberof caseframesthat had to be
manuallyreviewed. As we will explain shortly, AutoSlog-TSusesstatisticalinformationto rank
orderthecaseframessoonly themostpromisingcaseframesneedto bereviewed.

Thepurposeof Stage1 is to createagiantdictionaryof caseframesthatareliterally capableof
extractingeverynounphrasein thetrainingcorpus.In experimentswith 1500textsfrom theMUC-
4 terrorismcorpus,AutoSlog-TScreated32,345uniquecaseframes[Ril96b]. Someof thesecase
framesrepresentdomain-specificpatterns,but mostof themrepresentgeneralexpressionsthatare
notspecificto thedomain.

15



In Stage2, we usestatisticalfeedbackto separatethe domain-specificcaseframesfrom the
generalones.Thissteptakesadvantageof thepreclassifiednatureof thetrainingcorpusto generate
relevancestatisticsfor eachcaseframe. The first stepis to load all of the caseframesinto the
sentenceanalyzerand reprocessthe training corpus. Eachtime a caseframe is activated,we
recordwhetherit wasactivatedin a relevanttext or in anirrelevanttext. Whentheentiretraining
corpushasbeenreprocessed,we generatefinal relevancestatisticsfor eachcaseframe. For each
caseframe,weestimatetheconditionalprobabilitythata text is relevantgiventhatit activatedthe
caseframe.Theformulais:

	�

( ��
���
�����������
�������� 
��!��"$#%���&�(')�+*,"$��*%
.-/�0��12
�3 ) = 4�5&687�9$4�5&:<;=?>&=?@ 687�9�4 5&:<;

where��
A�CBD-/��
�E�3 is thenumberof instancesof "$��*%
FBD-/�0��12
�3 thatwereactivatedin relevanttexts,
and� #G� ����BH-/��
AE�3 is thetotalnumberof instancesof "$��*%
�BH-/�0�(12
�3 thatwereactivatedin thetraining
corpus.For simplicity, wewill referto thisprobabilityestimateasacaseframe’s relevancerate.

Note thatcaseframesrepresentinggeneralexpressionswill beactivatedin both relevantand
irrelevanttexts. For example,expressionslike“wasreported”will appearin awidevarietyof texts.
If thecorpuscontainsa 50/50split of relevantandirrelevanttexts, thenwe would expectgeneral
caseframesto have abouta 50%relevancerate. Our approachis basedon the intuition that the
domain-specificexpressionswill bemuchmorecommonin relevant texts thanin irrelevant texts
sothedomain-specificcaseframeswill havehigherrelevancerates.

After thecorpushasbeenprocesseda secondtime, we rank thecaseframesin orderof rele-
vanceto thedomain.In recentexperiments[Ril96b], we usedthefollowing rankingfunction.

I0JAK�L(M 3ON L(M0P<MRQ!SCTUJAMVL�SXWYM 3�Z P<K0[ ��\&] L(MR^�_`MRTOJAa 3�b

Oneexceptionis thatcaseframeswith a relevancerate c 0.5 receiveda scoreof zerosincethey
werenegatively correlatedwith thedomain(thetrainingcorpuswas50%relevant). Theranking
functiongivesweight to botha caseframe’s relevancerateaswell asits overall frequency in the
training corpus. For example,if a caseframe is activatedonly twice in a large corpusthen it
is probablynot very important. On the otherhand,caseframesthat areactivatedfrequentlybut
have only a moderaterelevancerate(say70%)mayin factbevery importantto thedomain.For
example,theexpression“X waskilled” is acrucialpatternfor theterrorismdomainbecausepeople
areoftenkilled in terroristincidents.But peoplearealsokilled in many othertypesof eventsso
this patternwill appearin irrelevant texts aswell. Our rankingfunctiongivespreferenceto case
frameswith eithera high frequency anda moderaterelevancerate,or a moderatefrequency anda
high relevancerate. We do not claim that this is thebestpossiblerankingfunction,but it seemed
to work fairly well in ourexperiments.

If the rankingfunctiondoesits job, thenthe domain-specificcaseframesshouldfloat to the
top. Therankingfunctionis crucialbecausethedictionaryof caseframesis solargethatit would
beunreasonableto expecta personto review themall by hand.Oncethecaseframesareranked,
a personcanskim the“best” caseframesoff thetop. Oneof themainadvantagesof theranking
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schemeis thatit prioritizesthecaseframesfor manualreview sothatthestrongestcaseframesare
reviewedfirst, andtheusercanreview thosefurtherdown on thelist astimepermits.

We appliedAutoSlog-TSto the 1500MUC-4 developmenttexts [MUC92], of which about
50% were relevant. AutoSlog-TSgenerated32,345uniquecaseframes. Due to memorycon-
straints,we threw awayall caseframesthatwereproposedonly oncesincethey werenot likely to
bevery important.d This left uswith 11,225uniquecaseframes,whichwe loadedinto thesystem
for Stage2. We thencomputedtherelevanceratefor eachof thesecaseframesandrankedthem
usingthescoringfunctionjust described.The25 top-rankedpatterns(in thelist of 11,225ranked
caseframes)appearin Figure6.

1. � subj� exploded 14. � subj� occurred
2. murderof � np� 15. � subj� waslocated
3. assassinationof � np� 16.took placeon � np�
4. � subj� waskilled 17.responsibilityfor � np�
5. � subj� waskidnapped 18.occurredon � np�
6. attackon � np� 19.waswoundedin � np�
7. � subj� wasinjured 20.destroyed � dobj�
8. explodedin � np� 21. � subj� wasmurdered
9. deathof � np� 22.oneof � np�
10. � subj� took place 23. � subj� kidnapped
11.caused� dobj� 24.explodedon � np�
12.claimed � dobj� 25. � subj� died
13. � subj� waswounded

Figure6: TheTop25ExtractionPatterns

Mostof theseexpressionsareclearlyassociatedwith terrorism,sotherankingfunctionappears
to bedoinga goodjob of pulling thedomain-specificexpressionsup to the top. Thenext stepis
to have a personreview themosthighly rankedpatterns.Themanualreview processservestwo
purposes:(1)asconfirmationthatapatternis relevantto thedomain,and(2) to labelthecaseframe
with aneventtypeandaconceptualrolefor theextracteditem. For example,thefirst caseframein
Figure6, � subj � exploded, shouldbelabeledasabombingcaseframethatwill probablyextract
aninstrument,asin “a carbombexploded.” Thesecondcaseframe,murder of � np � , shouldbe
labeledasamurdercaseframethatwill likelyextractavictim, asin “themurderof themayor.” The
22ndcaseframe,oneof � np � , is anexampleof a caseframethattheuserwould probablyreject
asa statisticalartifact. Althoughit mayhave hada high relevanceratein thetrainingcorpus,the
expressiononeof � X � is notspecificto terrorismandwouldprobablyextracttoomuchirrelevant
information.

Wemanuallyreviewedthetop1970caseframesin therankedlist andretained210of themfor
thefinal dictionary. Themanualreview processtookapproximately85minutes.Therelatively low
numberof acceptablecaseframesis somewhatmisleadingbecausetheacceptanceratedroppedoff
sharplyafterthefirst few hundred.Thefastmanualreview time is alsodueto therankingscheme.
Most of the good caseframesclusteredat the top, so after the first few hundredcaseframes
the review processmainly consistedof clicking the rejectbutton to dismissobviously irrelevant
patterns.
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3.3 Experimentswith Autoslog-TS

AutoSlog-TSwasdesignedto beanextensionof AutoSlogthatsubstantiallyreducesthehumanef-
fort neededto generateappropriatetrainingtexts,while still producingagooddictionaryof extrac-
tion patterns.Our goalwasto show thatthedictionariesproducedby AutoSlogandAutoSlog-TS
achievecomparableperformance.

We compareddictionariescreatedby AutoSlogand AutoSlog-TSfor the MUC-4 terrorism
domain. Detailsof this experimentcanbe found in [Ril96b]. We evaluatedbothdictionariesby
manuallyreviewing their outputon 100blind texts from theMUC-4 testset. We thencomputed
recall,precision,andF-measurescoresfor eachdictionary. Theresultsappearin Table1.

AutoSlog AutoSlog-TS
Slot Recall Prec. F Recall Prec. F
Perpetrator .62 .27 .38 .53 .30 .38
Victim .63 .33 .43 .62 .39 .48
Target .67 .33 .44 .58 .39 .47
Total .64 .31 .42 .58 .36 .44

Table1: ComparativeResults

Theresultsshow thattheAutoSlogdictionaryachievedslightlyhigherrecall,andtheAutoSlog-
TSdictionaryachievedslightlyhigherprecisionandF-measurescores.Ouranalysisof theraw data
showedthatthedifferencesin correctandmissingoutputwerenot statisticallysignificantevenat
the p � 0.20significancelevel, but the differencein spuriousoutputwasstatisticallysignificant
at the p � 0.05significancelevel. We concludethat therewasno significantdifferencebetween
AutoSlogandAutoSlog-TSin termsof recall,but AutoSlog-TSwassignificantlymoreeffective
at reducingspuriousextractions.

While the absolutedifferencesin correctandmissingoutputwerenot significant,AutoSlog
did slightly outperformAutoSlog-TSin recall.Onepossibleexplanationis thatAutoSlog-TSis at
the mercy of the rankingfunctionbecausea humancannotreasonablybe expectedto review all
of the11,000+extractionpatternsproducedby AutoSlog-TS.Themostimportantdomain-specific
patternsmustberankedhighly in orderto beconsideredfor manualreview. We believe thatthere
weremany goodextractionpatternsburieddeepin therankedlist thatdid not getreviewed. If so,
thenAutoSlog-TSis ultimatelycapableof producinghigherrecallthanAutoSlog.

As furtherevidenceof this, we observed thatAutoSlog-TSproduced158caseframeswith a
relevancerate e 90%andfrequency e 5,but only45of themwerein theAutoSlogdictionary. Fig-
ure7 showssomeof thethecaseframesthatclearlyrepresentpatternsassociatedwith terrorism.f
However, many of thesepatternshadrelatively low frequency countsandwerenot rankedhighly.

WealsowantedtodemonstratethatAutoSlog-TScouldbeusedfor tasksotherthaninformation
extraction.Soweusedthecaseframesgeneratedby AutoSlog-TSfor a text classificationtask.In
previous research,we developeda text classificationalgorithm called the relevancysignatures
algorithm [RL94] that usesextractionpatternsto recognizekey phrasesfor classification. The
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wasassassinatedin X assassinationin X X orderedassassination
wascapturedby X captureof X X managedto escape
wasexplodedin X damagein X X expressedsolidarity
wasinjuredby X headquartersof X perpetratedonX
waskidnappedin X targetsof X hurledatX
wasperpetratedonX went off onX carriedoutX
wasshotin X X blamed suspectedX
wasshot to deathonX X defused to protestX
X washit X injured to arrestX

Figure7: Patternsfoundby AutoSlog-TSbut notby AutoSlog

taskis to automaticallyclassifynew texts asrelevantor irrelevantto a specificdomain.We used
the hand-crafteddictionaryof extractionpatternsin our previous text classificationexperiments
[RL94], but AutoSlog-TSprovidesa new opportunityto seedthe algorithmwith a muchlarger
setof potentialpatterns.The statisticsshouldultimately decidewhich onesaremostuseful for
makingdomaindiscriminations.

We gave the relevancy signaturesalgorithmthesamesetof 11,225caseframesgeneratedby
AutoSlog-TSfor theterrorismdomain,andtrainedthealgorithmusingthe1500developmenttexts
from theMUC-4 corpus.We evaluatedthealgorithmon two blind setsof 100texts each.On the
first testset,theAutoSlog-TSdictionaryandthehand-crafteddictionaryachievedsimilar results.
On the secondtestset,however, the AutoSlog-TSdictionaryproducedseveral datapointswith
100%precisionwhile thehand-crafteddictionarydid not produceany. Overall, theAutoSlog-TS
dictionaryperformedat leastaswell astheAutoSlogdictionary. Detailsof thisexperimentcanbe
foundin [RS95].

In summary, AutoSlog-TShasbeenusedto createa dictionaryof caseframesfor theMUC-4
terrorismdomainthatperformedwell on bothinformationextractionandtext classificationtasks.
AutoSlog-TSappearsto beatleastaseffectiveasAutoSlogatproducingusefulextractionpatterns,
althoughmoreexperimentsneedto be donewith differentrankingfunctionsandadditionaldo-
mains.Perhapsmostimportantly, AutoSlog-TSsharplyreducestheamountof manualknowledge
engineeringrequiredto createa dictionaryof domain-specificextractionpatterns.AutoSlog-TS
is thefirst systemthatcangeneratedomain-specificcaseframesusingonly raw text asinput. So
far, thesecaseframeshavebeenappliedto informationextractionandtext classificationtasks,but
perhapsAutoSlog-TSor similar systemswill ultimately be able to producemorecomplex case
framesfor othernaturallanguageprocessingtasksaswell.
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4 Information Extraction and Story Understanding: Bridging
the Gap

Researchin informationextractionhasmadegoodprogressin recentyears,but will it have any
impacton computationalmodelsof story understanding?Only time will tell, but perhapssome
comparisonswill shedlight on theissue.

For one,both informationextractionandstoryunderstandingrequirenaturallanguageunder-
standing.This might seemlike a trivial statement,but it is importantto rememberthat they are
bothsubjectto thesameproblemsof ambiguity, idiosyncracy, anda strongdependenceon world
knowledge.Researchin bothfieldshastried to minimize theseproblemsby focusingon narrow
domains.An informationextractiontask,by definition,specifiesthe domainof interestandthe
typesof informationwhichmustbeextracted.Therestricteddomainandthefocusednatureof the
taskcangreatlysimplify dictionaryconstruction,ambiguityresolution,anddiscourseprocessing.
Similarly, storyunderstandingsystemsusuallyfocuson a singledomainor certainaspectsof the
world in orderto minimizetheknowledge-engineeringeffort.

A key differencebetweeninformation extraction and story understandingis that the latter
strivesto understandthe entirestory. Thesetwo paradigmsrepresenta tradeoff betweendepth
andscalability. Informationextractionsystemslimit depthby focusingon certaintypesof infor-
mationanda specificdomain.In exchangefor limited depth,IE systemscaneffectively processa
wide varietyof texts within thedomain.Storyunderstandingsystems,on theotherhand,aim for
deepunderstandingof whole texts, but usuallycannoteffectively processarbitrarytexts without
additionalknowledgeengineering.Onenotableattemptto bridgethis gapwasthe FRUMP sys-
tem[DeJ82],which hadits origins in thestoryunderstandingcommunitybut couldbeviewedas
anearlyinformationextractionsystemthatcouldrecognizecertaintypesof eventsin unrestricted
text.

The depth/scalabilitytradeoff reflectsthe knowledgeengineeringbottleneckassociatedwith
building naturallanguageprocessingsystems.Thegrowing interestin automatedknowledgeac-
quisition shouldbring the two communitiesclosertogether. Informationextractionresearchers
andstoryunderstandingresearcherscouldlearna lot from eachother. Theinformationextraction
communityhaslearneda greatdealaboutrobust parsing,caseframegeneration,anddiscourse
analysis.At leastasimportantis theexperiencethatcomeswith processinglargeamountsof real
text. Building an IE systemis typically an empiricalendeavor andIE researchershave cometo
appreciatethatsomewell-known NLP problemsandphenomenado not appearvery oftenin real
text, while otherproblemsaremuchmorecommonthanonemightexpect.

On theothersideof thefence,storyunderstandingresearchershavea longhistoryof expertise
with complex knowledgestructuresandinferencegeneration.Ultimately, continuedprogressin
informationextractionwill dependonrichersemantics,knowledgestructures,andinferencemech-
anisms.Althoughrestrictingthedomainsimplifiesmany aspectsof languageprocessing,it is not
a panaceafor languageunderstanding.Theperformanceof currentIE technologywill likely run
upagainstaceilingeffectunlessmoreconceptualknowledgeis broughtto bearon theproblem.
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If future IE systemswill needto usemoreconceptualknowledge,wherewill this knowledge
comefrom?Theinformationextractionparadigmrevolvesaroundpracticalapplicationsandlarge
text collections,so it is imperative that the necessaryknowledgecanbe acquiredwith little ef-
fort. From this vantagepoint, perhapsthe mostpragmaticapproachis to build graduallyupon
currentIE technology. For example,canextractionpatternsbe mappedinto conceptualprimi-
tives?Cancombinationsof extractionpatterns(or primitives)beusedto representmorecomplex
knowledgestructures?Canautomateddictionaryconstructionsystemslike AutoSlog-TSbeused
to learnmorecomplex structures?By exploiting the practicalnatureof IE technologyandthe
insightsandtheoriesdevelopedby storyunderstandingresearchers,we canentertaintheexciting
possibilityof building increasinglyintelligentNLP systemsthatarepracticalfor large-scaleappli-
cations.Althoughthegrandchallengeof developinga broad-coverage,in-depthnaturallanguage
understandingsystemmay still bea long way off, an effective synergy betweeninformationex-
tractionandstory understandingmay prove to be a promisingstartingpoint for real progressin
thatdirection.
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Notes

g
An anecdotefrom an early messageunderstandingconferencenicely illustratesthis point. Many of the news

articlesin the corpusmentioneda particularspokesperson,but he wasalmostalwaysmentionedin texts that were
not relevant to the terrorismdomainof interest.His namewassocommon,thatonesitebeganusinghis nameasa
keyword to identify irrelevanttexts. But onedaythespokespersonwaskilled in a terroristincident,thusbecominga
victim himself.Fromthatpointon,virtually everytext containinghisnamewasrelevant.

h
Theseactivating conditionsaredomain-specificandwould likely be proneto falsehits if the caseframewas

appliedto amoregeneralcorpus.

i
In ourexperiments,AutoSlogusedtheMUC templatesasinput,but anannotatedtrainingcorpuswouldhavebeen

sufficient.

j
Figure5 refersto conceptnodes, whicharethecaseframestructuresusedby CIRCUS.

k
AutoSlogoftenproposesthesamecaseframemultipletimeswhendifferentnounphrasesspawn thesameextrac-

tion pattern.For example,thecaseframerepresentingtheexpressionmurder of l victim m wasproposedin response
to many differentsentences.

n
Theconnectedwordsrepresentphrasesin CIRCUS’ lexicon.
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